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t=REBSEIV: VLA vs WAM

M observation-to-action, | world-and-action modeling

VLA WAM

Vision-Language-Action World-Action Model
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Renderer-like World Model ( Planner-like World Model 1 Simulator-like World Model
ARREEMWN (R%K) RORE (MIWWEIzHE) R RREA (MWEMERITFT—IRER)
WA/ B/ RER SRS, —HNNERES BRnR. MUER. BERNTH ELENET, MUT—NZOHRIRS (BRE / LE / 92)
24§ = HFRE TS
QR (K% T (B / $R75) (B / N1/ )
up a red mug _— _ .
rld Model _ mics
m = wf F'Iﬁlnlv'.‘ln‘::z:r\E =8 .;; ﬂ - w%am ol

Video/ Image
Generation Model

D XA [ B/ BRER
;R ER / 10

xiE: MmAEN, = 4R

HEBINA: SRR, hER, AFEIE

—HE.

- BFR%EM Planner,

fl: EFEAMEDIR (MPC / MCTS)

action (fZi&a{ERETI)

FEA SRR PITE B MRIENERT, EFBARTI. /— 'ﬂ'ﬂ'E \4
Planner-like Simulator-like
(R ERE) (F5i8{t)

FAERE

ERBPEARKE, FEFEENER

WA SRR (B /RS

with: 1750 / Sk

XiE: £S5, KHBMR), REHE
HBINA: IS0, REERR. MiaiEE

QRSP
QB &

" a|an __ -

predicted next state (E{§ /A7)
WA HETRE + afE
Wi T—REKE (8% / NLEF/ 9E)
XE: ME-EM. ShHFHERME.
HENA:

AR H

HERIS (MBRL ) . BUBRSHE. (HHTE

-O Takeaway: World Model HAR—1TE—RRAELZ, ME—TIIREMERNSGIR. REMNABFRAR, HRRECTLIZATEMRR Renderer,
sk THUNEIEIR Simulator, =&EB# 7, KEXFSASERAKNFARSNA.



W EEEgEpiERIEs (O BASENFRARE  TVP 2.

i8N : Pretraining vs Midtraining vs Posttraining
MBRTK, FIBSEE, BEIESIHRIFEMI.

BEEXMERREE f FR=TMEAIRREE @ =E&ERE egocentric domain-specific

image / video / text public teleoperation / @ manipulation data manipulation data
open datasets

O physical reinforcement learning
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B0 vs il Z&RB
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VLM / Multimodal Transformer
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Finetuning vs In-Context Learning
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In-Context Learning (LET3&EHES)

EA Skild Al 5 Generalist Robotics 89 ICL FiE A%

Toeism / demo
| 4 I —E8 demonstration - |

in-context video
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Context Window / EF FXEDO
r e (B context window)
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“BFFHEIRT L
@ Pick up the cupand [ fEB#ES (XA tokens)
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RSI: data engine vs policy RL vs auto-research
MEGEIAIR, BISEREE4, BE Al research capability 895% 3158

Data-engine improvement 72| Memory and skill improvement ) Policy improvement
through experience ~

- KBECSWRRE, X% |
} trajectory, reward. failure/success, JOJ' )
B RL 5 policy. —_—.
BE: Online RL

o RUIKE /HF[IHT > R,

o APHRBINE, BT memory /
froE. BIREINEE - JIET—RRE., }

skill library / prompt / tool
EREERIIGEN.

BRY:  Agent memory

HA: Tesla data engine

W/ Autonomous curriculum | Learning-process improvement W Recursive Al-research

improvement : improvement
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Overall Instruction Following Spatial Reasoning Bkt ol ki it P {a) Visual observations (b) Lossless memory (c) Visual inspection

B x64a text gred rendered image cvery frame Lhe world has refurmed i space: any region of a ame
Fank ACEoUN Modkie Total Scor J i) ¥l Rk hig Resbustrass Ganae ] blayreo st Chosisn Soumce o
m o retwmcd magnaficd, at full resolotsion
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d) Per-turn pipeline i e

s Dexmal DMO.5 0.7076 0.8444 0.6146 0.7344 0.6370 View @ PIp Agent notes Lossless visual memory
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Code-as-Policy Harness
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LLM £ E## coding agent B A Agent RERIEIEE! response iF A tool
. HRRARES / Tool / Robot ° Agent Harness Tool / Robot
program / plan APl il
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move

® LLM REEISEREMNTRITH

move tolcup)
graspil)

place()

# generated by LLM

to{coffee_machine)
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® KRB FERiFEHE tool/ robot API

® ES

@

v B Prompt Toolcall Skill °
£ —
V H%ESES 9 LLM P @sms  (CRAA) (L) »
HhiT @4 FEF  response = O @ ¢ w7
HEICIHEN T Context Multi-agent _
Management Loop Guardrail
(EFXWE) (BEnGpm  (R2OK)

- ﬁ ), a APl il
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o BRSHEE. HSWXPEEN o Agent RARBTRAAS I TIXEE o ESENMAE. RESSSREDE

Q Takeaway . frontier LM NASHEE, HABEEIEISMER policy, MEPH MARHFREERE

: Code-as-Policy (LLM—code—toolcall) # Harness (LLM response—agent system—toolcall) .
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IZNEFER vs KIFES

M Fan s EREFIREETSBRESEREE, BERS TREZTE/HFRIFERE

INRFE S 98 AiFEa
h{E SN — AR E — TNERHE — &K OTA HIELE - KRS — HEEE
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® &l motion imitation. HREEERSHKA

® EELIFIREEE, RARIHRITRI/INEEED
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